The Hyper Suprime-Cam Subaru Strategic Program (HSC-SSP) is currently the deepest widefield survey in progress. The 8.2 m aperture of Subaru telescope is very powerful in detecting faint/small moving objects, including near-Earth objects, asteroids, centaurs and TranNeptunian objects (TNOs). However, the cadence and dithering pattern of the HSC-SSP are not designed for detecting moving objects, making it difficult to do so systematically. In this paper, we introduce a new pipeline for detecting moving objects (specifically TNOs) in a 1 non-dedicated survey. The HSC-SSP catalogs are re-arranged into the HEALPix architecture.
Introduction

Overview
Our data process starts from the reduction of raw images with hscPipe, the official HSC-SSP pipeline (Bosch et al. 2017, in prep) . A catalog of detected sources is created for each exposure generated from hscPipe. Each field is then divided into different sky regions using HEALPix (Górski et al. 2005) . The catalogs for each exposure which overlap each HEALPix region are combined in to a master catalog.
Objects which appear at the same place in multiple exposures are entered into a stationary catalog.
A combination of machine learning algorithm and hscPipe flags are then used to find candidate non-stationary (that is, moving) sources. After we build catalogs of non-stationary sources, a linear search algorithm is applied to identify possible moving objects. Such candidates would appear as nonstationary objects in different exposures with offset positions consistent with a moving object. These candidates are then verified with Initial Orbit Determination (IOD, see Bernstein & Khushalani 2000) to generate the list of possible candidates. Finally, all candidates are checked by visual inspection, using the Zooniverse platform. The Figure 4 shows a flowchart of this pipeline.
hscPipe
hscPipe is the official pipeline to process data obtained from HSC, and is maintained by the HSC-SSP team. The standard outputs from hscPipe include a fits table catalog and calibrated images (debiased, flat-fielded). hscPipe uses the internal Pan-STARRS 1 catalog (ps1 pv2) to calibrate astrometry and photometry (Schlafly et al. 2012; Tonry et al. 2012; Magnier et al. 2013) . The average astrometric scatter in an individual chip image is smaller than 30 milliarcsec. It should be noticed that the current version of hscPipe still has some limitations on processing CCD chips containing very bright stars.
HEALPix
To handle the dithering observations, we adopted the Hierarchical Equal Area isoLatitude Pixelation of a sphere (HEALPix) (Górski et al. 2005) to manage the catalogs acquired in a dark run. The
HEALPix is an algorithm to produce a subdivision of the all sky, each pixel covers the same surface area as every other pixel. We adopt nside = 32 (12288 pixels for all sky) in the pipeline to build a set of reasonably sized sky regions so that the pipeline can detect slower-moving objects within the same HEALPix. The mean size for each HEALPix is 1.8323 deg (equals to 3.36 deg 2 , see Figure 5 ) to match the HSC FoV. Every detection catalog is separated and saved according to the corresponding HEALPix.
stationary catalog
Most of the sources in the sky are stationary sources, i.e. background stars and galaxies. Detections of stationary sources should be at identical locations in different exposures, no matter when the images were taken. However, depending on the search criteria, moving objects might be cataloged as stationary objects. For example, objects beyond 50 au could be confused for stationary sources if the time-span between the images is not long enough for the object to move noticeably. To avoid possible removal of the moving objects beyond the Kuiper Belt, we define a stationary object as (1) detected in at least two images within a radius of 0.5 ′′ , and (2) with the separation between the image epochs longer than 20 minutes. We use 0.5 ′′ instead of a larger radius after considering the HSC-SSP cadence, the false positive rate and the average seeing conditions of the data. Due to the cadence limitation of SSP, we could not choose a shorter maximum separation of the matched detection epochs. Under such conditions, only objects located at oppostion and further than 100 au might erroneously labeled as stationary objects. All exposures in each dark run are used to generate the stationary catalog, which is then applied in the next step which to remove the stationary detections and false positives.
Machine learning to remove false positive
After removing the stationary sources, there are still ∼0.5 million unclassified source detections in each HEALPix region. In addition to the real moving objects and transient events, the unclassified detections also include some stars and galaxies with bad centroids and other possible artifacts.
Therefore, processing all such detections without any further reductions will significantly impact the performance and speed of the moving object detection pipeline. To conquer this problem, we adapted a machine learning (ML) based real-bogus system and hscPipe flags to pick-up real astronomical detections and to reject the false positives. This system separates the real non-stationary sources and false positives by using 49 parameters generated from the hscPipe. These parameters mostly comprise the various photometric measurements (flux and error) and shape moments. Details of the 49 parameters are presented in Lin et al. (2017, submitted) .
Our real-bogus system can reach a true positive rate (tpr) of ∼96% with a false positive rate (fpr) of ∼1%, tpr ∼99% with fpr ∼5%, or tpr ∼99.5% with fpr ∼15%. We found that with the 1% fpr threshold, the system can reduce the number of unclassified detections by half. If we relax the threshold to 15% fpr, it can still reduce the number of unclassified detections by one third. After several tests, we found that the pipeline could handle the remaining two thirds of the detections. We therefore set the threshold of fpr at 15% so that 99.5% of the real detections get passed, while ∼85% of the original false detections get removed. For example, there are ∼0.5 million non-stationary detections in the HEALPix for one SSP observation run without any false-positive cut. With the real-bogus system, ∼160,000 potentially false detections are rejected. The remaining sources are dominated by the faint real astronomical sources (stars, galaxies and etc). Since the detectability of very faint objects is highly sensitive to image quality (e.g., seeing and transparency), some of them cannot be removed by the stationary selection criteria. For details of the real-bogus system, we refer the reader to Lin et al. (2017, submitted) .
grid linear search
The next step of the pipeline is to search for matched detections of a candidate moving object in a single night. To maximize the number of candidates, we developed a new algorithm to detect possible moving objects, with the following steps.
First, all non-stationary catalogs are merged into a single fits table, which includes the time, zero-point and image file path. The zero-point is used for calculating magnitude, while the image file path is for making postage stamp images to be used in the following step (see section 3.9). We use the Python module Numpy to generate the catalogs.
Second, we use a simple Monte Carlo simulation to obtain the mean direction of motion of TNOs on the sky region at the time of the dark run. Then the linear search scans the full area of a
HEALPix region within a range of ±30
• of the resulting mean direction of motion. Detections located within 2 ′′ of a line along a given direction of motion are grouped as a subset, which will be verified if any reasonable group exists. This is demonstrated in Figure 6 .
With the grouped detections (sorted by RA), reasonable tracks (that is, groups of source detections spanning multiple images consistent with moving objects) are then identified using the following conditions: (1) correct time order along the line, (2) rates of motion < 49 ′′ /hr (ranging from asteroids to TNOs), (3) ∆mag < 2.0 across the different images, and (4) more than 3 detections. After the selection, the tracks of the candidates of moving objects are saved into a database.
linking
After we get a track of a candidate object in images taken over a single night, we link tracks from different nights that might belong to the same object. The criteria are set by (1) similar rate and direction of motion, (2) source positions across the multiple images consistent with a reasonable orbit.
If the combination of two tracks satisfies the above criteria, the joined tracks are then examined by
, which provides estimates of the orbital parameters, in particular semi-major axis a and inclination i. If all residuals of the fit are smaller than 0.3 ′′ , we regard the object as a candidate.
Collection of similar candidates
The linking procedure can eliminate most of the false combinations. However, it is still possible that one track in a night can still link to two different tracks in the other night and produce two valid candidates. It is difficult to distinguish the correct link from the false links without any visual inspection. Therefore, we collect the similar candidates (the candidates that share part of their tracks).
These candidates are then visually inspected.
Visual Inspection
Visual inspection is frequently used to check whether moving object candidates are real objects or false positives. The pipeline generates postage stamp images (fits and png) for each candidate, which are centered in the postage stamp images (see Figure 7 ). We only inspect objects with a > 20 au (from the IOD orbit fit) in order to avoid including asteroids. A set of six truncated images (three images are from day one, three images are from day two) is uploaded to the Zooniverse platform for the inspection by team members. Zooniverse is a citizen science interface, which is used by many scientific projects, including astronomy and ecology (Trouille et al. 2017) . The Zooniverse project builder provides a very simple interface to launch a visual inspection project with no required understanding the backbone structure. Because of the HSC-SSP data policy, we built the visual inspection page as a private project. Every candidate which is validated by at least two team members is listed as a real object.
Process Note
This pipeline simply searches the candidates moving within a single HEALPix region. The current goal of this pipeline is to discover moving objects that move at a rate slow enough to keep most of them in the same HEALPix region within one observational run. The detection of objects that cross from one HEALPix region to another will be future work for finding asteroids or other nearby objects.
Preliminary Results and Discussion
We applied this pipeline to the HSC-SSP data taken from March 2014 to November 2015. Around two thousand moving-objects candidates in each dark run were detected, including asteroids, centaurs, and TNOs. In this paper, we only present the results of our TNO search, so only the objects with semimajor axes larger than 20 au were selected for visual inspection. More than 500 candidates (including false positives) meet this criterion. A total of 231 of these TNO candidates pass visual inspection by at least two members (see Table 2 ). Although the HSC-SSP had nine dark runs in first data release, we only analyzed the dark runs with solar elongations in our required range, and which also have a sufficient number of exposures for the detection pipeline to function. These are images taken in 2014/11, 2015/03, 2015/05 and 2015/10 runs (See Table 1 ).
Detection Efficiency
To understand the survey depth and the detection efficiency (both as a function of object brightness and moving rate) of the HSC-SSP, we generated synthetic moving objects with a magnitude range of 22 -26 and a rate of motion of 1 ′′ -15 ′′ /hr (emulating objects at 10-100 au at opposition). Each chip has around 100 synthetic objects added. The PSFs of the synthetic moving objects are generated using a 2D Gaussian function with the FWHM equal to the mean seeing. The raw images were implanted with the synthetic moving objects, and were then processed by hscPipe in the same way as the regular data processing to inspect the net efficiency of the detection pipeline. The result is shown in 
This function gives an efficiency of about η 0 at m r = 22, and it decreases quadratically with magnitude until it drops more steeply near the magnitude limit m L with an exponential falloff width w. The efficiency of HSC-SSP is best represented with η 0 = 0.38, c = 0.015, m L = 25.41 and w = 0.033. Considering that the TNO detection criteria of our pipeline require at least three individual detections on two different nights (six in total), the maximum detection efficiency below 40% is expected. Given at least six exposures and the ∼ 85% to 90% fill factor in a single HSC exposure, the net efficiency will be 0.85 6 ∼ 0.38 to 0.9 6 ∼ 0.53 for detecting the moving objects.
Orbit
As discussed above, the orbital parameters and uncertainties of each candidate are calculated using the Bernstein & Khushalani (2000) routine. The orbital uncertainties of these candidates are not negligible because the observations generally span less than a month. Due to the short arc of these observations, the predicted on-sky position uncertainty grows quickly, making the objects difficult to follow-up after the semester of discovery. We then tested Bernstein & Khushalani (2000) routine using known TNOs with a cadence similar to HSC-SSP, the results show that the orbital inclination is the only reliable orbital parameter for a TNO with short-arc observations. We are thus able to separate the sample (Volk & Malhotra 2011) into a cold population (i + σ i < 5 • ) and a hot population
. After this process we find a total of 164 hot objects in our list of TNOs. This simple cut means there will be a minor contamination of hot objects in the cold population, but our hot population is useful for qualitative analysis.
Absolute Magnitude Distribution
Although the orbital uncertainties of these candidates don't allow dynamical classification, flux corrections are still achievable. The absolute magnitude H of each candidate can be calculated using the photometry and initial orbital solutions. Even though the short arcs of these candidates produce uncertainties of around 2 au in the barycentric distance by Bernstein & Khushalani (2000), our results are comparable with Fraser et al. (2014) . These preliminary results have not yet been debiased with the detection efficiencies, so we only consider the bright candidates with H r < 7.7. In Figure 9 , the best fit slope of a single power law to the absolute magnitude distribution of hot objects with H r < 7.7 is 0.77. This value is consistent with the results from Fraser et al. (2014), which has a slope of 0.87
−0.2 before the break magnitude at H r = 7.7.
Color Distribution
The bimodal color distribution of outer Solar System objects has been known for a decade (Peixinho et al. 2003; Barucci et al. 2005; Perna et al. 2010; Peixinho et al. 2012; Lacerda et al. 2014 ). This bimodal color distribution implies that different evolution processes or surface compositions may occur in the early history of the outer Solar System. While the selected targets in the literature include the observational biases, resulting in non-uniform samples, recent research using the Subaru HSC resulted in a robust bimodal color distribution of small objects in the hot population (Wong & Brown (2017) , Figure 3) . The g − i color distribution of our sample is compatible with these results. Although the rotation effects and observational biases have not removed from our results, the photometry from using two filters in different nights could still provide an approximate color properties of the TNO surfaces.
As mentioned in above, the HSC-SSP is not optimized for Solar System science, and this is reflected in the choice of filters for different observations as well as the survey cadence. Measurements of g −r colors of 116 hot TNOs indicate a peak of count number at 0.6 (See Figure 10 ). Measurements of g −i colors of only 24 hot TNOs are available in the first data release (images taken between March and May 2015). In Figure 10 , a sharp bluer peak at g − i = 0.9 is consistent with the bluer peak (g − i = 0.91) of the bimodal color distribution in Wong & Brown (2017) . Unfortunately, the sample of redder TNOs (g − i > 1.0) we found with the HSC-SSP is currently too small to compare with the redder peak at g − i = 1.42 reported by Wong & Brown (2017) . With additional discoveries of TNOs beyond the first HSC-SSP data release, a larger database of the hot TNO g − i colors will be available to examine the bimodal color distribution and further explore the surface properties of these objects. The result of a non-detection of high-inclination TNOs in this vertical plane corresponds a low column density of "off" plane objects. However, for getting a relevant upper limit, the combination of the HSC-SSP results, follow-up observations and future on-common plane observations using also the HSC will provide a statistically valid test of the existence of this vertical Centaur/TNO Belt.
Asteroids
This pipeline has the ability to find the asteroid tracks in a single night, and thousands of asteroids were detected in this data set. However, the orbital fitting code we used was designed for identifying TNOs, and the orbit fitting for asteroids is not robust. We will use an alternative code for asteroids in a future analysis.
Summary
The HSC-SSP is currently the deepest ongoing survey, and will cover more than 1400 deg 2 . This data set provides an excellent opportunity to explore various topics in observational astronomy. In this study, we have described in detail the main algorithms of our moving object pipeline, which could be used in a survey with dithering pointings, e.g. HSC-SSP. This search algorithm could provide a better approach to discover Solar System objects in the future large surveys, which have non-optimal cadences or dithered pointings. Compared with other moving object pipelines for searching for TNOs, this pipeline has fewer limitations on survey cadence and pointing, which are very critical parameters for the detection of moving objects. The false positive rate of single detections in the catalog was significantly reduced to 15% with our ML algorithms. The ML also indirectly decreases the false positive rate of moving object candidates. We used the pipeline we have developed to examine the first data release of the HSC-SSP (2014 -2015 .
The preliminary search of this first data set has yielded 231 TNOs candidates that pass our 3 . The HSC-SSP survey fields used in this analysis. Only g, r, and i exposures within ± 40 degree to opposition in the first data release were considered.
The ecliptic plane and galactic plane are showed with dashed lines in red and blue. The green regions indicate the total area of all FoVs using g, r, i filters.
The brown regions show the areas used in our moving object search. Note the sky regions is different from the first data release of HSC, which only include the area covered in all the five filters. The two distributions have very similar shapes throughout the entire magnitude range. The black line indicates the best-fit power-law distribution to the total magnitude distribution through H = 7.7, which has a power-law slope of . 
